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░ ABSTRACT- Detecting thin (baby) ice in HV-polarized Sentinel-1 extra-wide (EW) sea-ice SAR images is challenging 

because thermal noise and the scalloping effect can mask weak backscatter signals. This paper proposes an adaptive denoising and 

thresholding approach using a self-designed fuzzy logic controller network (FLCN) to enhance baby-ice visualization. The approach 

automatically selects “no object” and “minimum object” regions and applies a data-driven correction factor to improve noise 

suppression without relying on external parameters. The FLCN generates input–output membership functions autonomously, 

reducing the need for manual tuning. We compare the results against the ESA/SNAP noise-vector correction workflow, a recent Q1 

EW sea-ice denoising method [5], and a deep-learning denoiser (DnCNN). A quantitative and qualitative evaluation over multiple 

Sentinel-1 EW HV scenes using ROI-based open-water statistics (mean and standard deviation) and an SNR measure shows 

consistent noise suppression while preserving the ice–water boundaries compared to other recent methods. 

 

Keywords: Thermal noise, Scalloping effect SAR, Fuzzy logic network, SAR, Speckles noise. 

 
  

 

░ 1. INTRODUCTION   
Synthetic aperture radar (SAR), especially wide-beam dual-

polarized C-band systems, plays a vital role in marine 

applications such as sea ice monitoring, oil spill detection, and 

ship tracking [1–5]. While co-polarized channels are more 

sensitive to environmental factors like wind and incidence 

angles, cross-polarized channels, though more stable in such 

condition, suffer from increased thermal noise and scalloping 

effects due to lower signal-to-noise ratios [6]. These artifacts 

degrade image quality and affect texture-based feature 

extraction crucial for sea ice analysis. Sentinel-1 partially 

mitigates scalloping through TOPSAR beam steering, but the 

issue remains. Although ESA provides scene-based noise 

vectors for correction, their accuracy and effectiveness can be 

inconsistent. Several approaches have been proposed to address 

these limitations, including morphological filtering for change 

detection [7], FIR filters for scalloping reduction [8], Kalman 

filtering [9], and deconvolution methods [10]. These methods 

demonstrate varying degrees of success but underscore the need 

for more adaptive and data-driven denoising strategies in SAR 

imagery. In [11], an efficient noise reduction method was 

proposed for Sentinel-1 GRD products, refining ESA-provided 

noise vectors with empirically derived correction coefficients.  
 

This method addresses both range-dependent thermal noise and 

burst-time-dependent scalloping noise, enabling reconstruction 

of a complete noise field for subtraction and improving noise 

characteristics across different IPF versions. Park et al. [12] 

proposed adjusting ESA-provided noise vectors using a 

denoising scheme with scaling factors and power balancing, 

averaged across multiple scenes. Despite this, wide-beam SAR 

images often retain multiplicative residual noise, leading to 

textural artifacts. To address this, [13] introduced a method 

based on noise equivalent standard deviation (NESD). Building 

on these, [5] applied fifty scaling factors per sub-swath and 

scene, reducing inter-scan banding and improving prior 

techniques. An unsupervised despeckling framework for 

Sentinel-1 dual-polarization SAR was presented in [14], using 

a “noise image–noise image” strategy with a dual-branch 

network to preserve polarization while reducing speckle—

suitable for medium- and low-resolution images. In our recent 

work [15], we addressed thermal noise by linearizing noise 

fields along the range and correcting azimuth slope to mitigate 

scalloping, using calm water regions for training. This 

improved signal-to-noise ratio, though residual noise remained.  
 

This paper introduces a fuzzy logic network (FLN)-based 

denoising and thresholding approach for wide-beam SAR 

images. Fuzzy logic systems are well-suited for handling 

uncertainty and noise [15], [16], offering robustness in tasks 

like segmentation, edge detection, and thresholding [17]. Their 

adaptability allows for handling nonlinearity and ambiguous 

data, with human-like reasoning expressed through linguistic 

rules. In [18], a fuzzy inference system (FIS) enhanced edge 

detection through an open-loop controller, showing improved 

accuracy over traditional methods in Python and MATLAB 
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implementations. As per [19], SAR segmentation includes gray- 

and texture-level methods—both addressed in our work. A 

fuzzy filtering technique in [20] preserved fine details while 

denoising grayscale and color images, benefiting segmentation 

and object recognition. Lastly, [21] proposed a noise floor 

estimation model for Sentinel-1 GRD images, using power 

functions and weighted least squares to improve subswath-wise 

offset estimation. Recent developments in SAR image 

processing have introduced a variety of advanced techniques 

combining traditional methods with deep learning and fuzzy 

logic. HPHR-SAR-Net [22] integrates nonlocal total variation 

and nonconvex compound regularization into a deep unfolding 

network optimized via ADMM, enhancing resolution and 

computational efficiency while preserving phase information. 

Wang et al. [23] proposed CSHLC, a segmentation method that 

preserves small targets and corners under noise. A two-

component deep learning network in [24] achieved real-time 

denoising using texture estimation and noise removal 

subnetworks, outperforming methods like PPB, SAR-POTDF, 

and SAR-BM3D. LG-DBNet [25] combined CNN-based local 

features with transformer-based global modeling, using hybrid 

attention and residual learning to minimize artifacts. A cGAN 

model in [26] integrated pix2pix and ResNet to enhance 

denoising and recognition accuracy with a parallel classifier. In 

[27], a machine learning pipeline fusing ICESat-2, Sentinel-1, 

and Sentinel-2 outperformed Landsat-8 in forest canopy height 

mapping. Fuzzy logic remains prominent: [28] used fuzzy-K-

means for textured noise detection; [29] integrated fuzzy logic 

with the Perona-Malik algorithm; and [30] employed interval 

type-2 fuzzy sets for segmentation under uncertainty. A deep 

network in [31] combined fuzzy learning with graph reasoning 

for semantic segmentation. In [32-33], a fuzzy-weighted active 

contour model improved water/land classification using local 

entropy and variance. The Sugeno-type fuzzy controller 

(Takagi–Sugeno) provides an efficient alternative to Mamdani 

systems by using constants or functions in rule consequents, 

enabling real-time response. In zero-order SISO models, a 

single input maps to a constant output through fuzzy rules. For 

MISO systems, outputs are computed as weighted averages of 

multiple rules based on input combinations and aggregation 

functions, offering smooth control even in high-dimensional 

spaces. 
 

Suppose we have n inputs: x₁, x₂, ..., xₙ. R fuzzy rules. 
 

Each Sugeno zero-order rule has the form: 

Rule i: If x₁ is Aᵢ₁ and x₂ is Aᵢ₂ and ... and xₙ is Aᵢₙ, then yᵢ = cᵢ 
 

Where: Aᵢⱼ: fuzzy set for input xⱼ in rule i 

             cᵢ: constant output of rule i 
 

The firing strength (or degree of activation) of rule i is 

calculated using a T-norm as expressed in equations (1) and (2). 
 

wᵢ = μ_Aᵢ₁(x₁) × μ_Aᵢ₂(x₂) × ... × μ_Aᵢₙ(xₙ)    (1) 

or 

 wᵢ = ∏ μ_Aᵢⱼ(xⱼ) for j = 1 to n               (2) 
 

Where μ_Aᵢⱼ(xⱼ): is the membership value of input xⱼ in fuzzy set 

Aᵢⱼ, wᵢ: Firing strength (activation level) of the ith rule, and ∏: 

Product operator (multiply all terms) 

Output Computation 

The final output y is a weighted average of all the rule outputs 

can be expressed as the following equation: 

y = (Σ wᵢ × cᵢ) / (Σ wᵢ)                       (3) 
 

Where wᵢ: firing strength of rule i, cᵢ: constant output of rule i, 

y: Final crisp output of the fuzzy system, and Σ: Summation 

operator. 
 

The inference mechanism evaluates all applicable rules 

simultaneously, determining the influence of each rule based on 

how well the input values match the conditions defined in the 

rules. Finally, the defuzzifier combines the outputs of all rules 

into a single crisp value by computing a weighted average, 

ensuring a smooth and precise control response suitable for real-

time systems. 
 

The remainder of this paper is organized as follows: Section 2 

introduces the correction factor used in the preprocessing stage 

to reduce the range depended noise fields. Section 3 presents the 

proposed fuzzy logic network for enhancing the visualization of 

the thin ice regions in wide-beam SAR images. Section 4 reports 

and discusses experimental results using real Sentinel-1 data. 

Finally, section 5 concludes the paper and outlines potential 

directions for future work. 

 

░ 2. REDUCTION OF THE RANGE 

DEPENDED NOISE FIELDS 

Thermal noise (TN) correction and noise subtraction are 

performed on calibrated data, specifically the sigma-nought 

values of SAR data. We used ESA SNAP software [34] to 

convert digital number (DN) pixel values to sigma-nought. 

Thermal noise can be considered an additive noise in the range 

direction, allowing for direct subtraction to denoise SAR 

scenes. Since the width of each sub-swath (SS) varies in the 

azimuth direction, an edge detection process is required. 
    
The ESA-provided thermal noise (TN) matrix often leaves 

significant residual noise after subtraction. To improve 

suppression, a correction factor (CF) is applied to adjust the TN 

level for each sub swath. This involves identifying the 

minimum row in every 20-column segment by averaging row 

positions, producing a vector that represents the TN level across 

the scene (Figure 3). This method assumes the presence of at 

least one open-water row spanning the full range, though the 

step size (e.g., 20 columns) can be adjusted as needed. 
   

The CF was calculated for each SS, (for instance the first SS  0-

2997 columns for the first area of the first scene), to ensure that 

the final TN would be either higher or equal to the averaged TN, 

we must ensure that the CF would be higher or equal to one. 

The used equation for calculating the CF is shown in equation 

(4). 

𝐶𝐹 =
(

𝑚𝑎𝑥(𝑚𝑒𝑎𝑛 𝑒𝑛𝑣𝑒𝑙𝑜𝑝)

𝑚𝑎 𝑥(𝑉𝑀)
+

min(𝑚𝑒𝑎𝑛 𝑒𝑛𝑣𝑒𝑙𝑜𝑝)

min(𝑉𝑀)
)

2
 (4) 

 

For the first area (rows 1-3412) of the first scene the CF was 

found to be CF = [1.5241,1,1,1,1]. Then each CF would be 

http://www.ijeer.forexjournal.co.in/
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multiplied by the average TN (e.g., 1.5241 would be multiplied 

by the averaged TN from 1-2997, and 1 multiplied by averaged 

TN (from 2998-4899, etc.). The final thermal noise (after CF 

multiplication) is shown in figure 1. 
 

 
 

Figure 1. The final and the average TN 
 

As the CF shows that for the first area only the first SS noise 

level was increased, the denoised scene by using the averaged 

TN and the CF TN are shown in figure 2. 
 

 
(a) 

 

 
(b) 

Figure 2. (a) and (b) are the denoised scene by CF TN and by the 

ESA provided TN respectively 

 

As figure 3 shows the minimum rows of the scene by using CF 

and without using CF. 
 

 
 

Figure 3. The VM before and after TN subtraction by using CF 
 

As shown in figure 3, using the CF can decrease the remaining 

thermal noise (TN) by increasing the level of the average ESA 

TN, based on the maximum and minimum points of each 

interval, as described in equation (5). However, the CF 

calculation can be based on either the maximum or the 

minimum points. Since the VM is constructed from the 

minimum rows, it is also reasonable to calculate the CF based 

on the maximum points of the averaged envelope and the VM, 

which results in CF = [2.0896, 1.2611, 0.9116, 1.0090, 0.5312]. 
 

𝐶𝐹(𝑀𝐴𝑋) =
𝑚𝑎𝑥(𝑚𝑒𝑎𝑛 𝑒𝑛𝑣𝑒𝑙𝑜𝑝)

𝑚𝑎 𝑥(𝑉𝑀)
   (5) 

 

░ 3. PROPOSED METHODOLOGY 

The main aim of this study is to detect thin ice regions in sea ice 

SAR images since the detection of these regions is a challenging 

task, due to their low pixel intensity compared to thick ice and 

land regions. By knowing the thin ice regions any data losses 

could be avoidable in the denoising or filtering stage which will 

increase the quality of the final denoised scene. The proposed 

approach could be used to detect thin ice, open water and ice 

regions using fuzzy network (FN) as Figure 4 shows the 

configuration of the proposed method. Fuzzy logic systems are 

widely recognized for their ability to handle uncertainties and 

noise, making them ideal for tasks such as detecting regions 

with unclear boundaries, therefore it will be suitable for thin ice 

detection in SAR images. 
 

After subtracting the noise matrices provided in the annotated 

files, the pre-denoised scene is obtained. The first step is to 

divide the image into regions of 20 columns and calculate the 

average value for each row in those regions. The result will be 

the Rows Average (RA) vector. Next, a sliding average filter of 

size 9x1 and step size 1 is applied to the RA to calculate the 

average kernel (AK), as shown in figure 5, with equations (6) 

and (7) describing the average filters. This step is repeated for 

each region in the scene. Then, the maximum and minimum 

locations of the AK are determined. These maximum and 

minimum locations will be used to extract features, which will 

then be used to build the FLC1. 

http://www.ijeer.forexjournal.co.in/
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Figure 4. The configuration of the proposed method 

 

              𝐴𝐾 =
1

9
∑ 𝑅𝐴𝑘

9
𝑘=1                   (6) 

 

ROW AVERAGE(RA) =
1

20
∑ xRC

20
c=1 , R = 1,2, … row size of the SAR                                     

                                                                                            (7) 
 

 
 

Figure 5. The process of finding the maximum and the minimum TA 
 

Training features from both minimum (minTA) and maximum 

(maxTA) areas are used to build FLN1’s membership functions. 

These features are extracted using a 9×9 sliding window. The 

AK method employs a 9×1 sliding window to identifyAK , then 

MR was calculated using equation (8). minTA and maxTA 

regions of size 9×20. Therefore, the extraction window must 

maintain a row size of 9. 
 

𝑀𝑅 =
1

9
∑ 𝑀𝐴𝑋 & 𝑀𝐼𝑁[

𝑛

𝑛=1
[

1

9
∑ 𝑥𝑚𝑛

]]𝑛 = 1, . . ,9.
𝑚

𝑚=1
        (8) 

 

The feature was chosen to be the MEAN (mean), which is a 

traditional average filter, the average filter can reduce the 

speckle noise, therefore, it was chosen to build FLC1. The 

features from the minTA and maxTA are shown in figure 6 

(a,b). 

 
(a) 

 
(b) 

Figure 6. The feature from the minTA, and maxTA 

http://www.ijeer.forexjournal.co.in/
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The EF will have 11 values for each 20 columns, due to the size 

of the used sliding window, the remaining 9 values are zeros. 

Each minTA  maxTA periods of (20 columns) has maximum 

and minimum points. 
 

The extracted features from maxTA, where each period 

includes both maximum and minimum values. The variation 

and the mean of each period are used to construct two fuzzy 

logic networks: FLN1 and FLN2. Signal1 represents the period-

wise variation, while Signal2 is obtained by subtracting mean 

values of maxTA from the corresponding local maxima in 

minTA. These two signals, shown in figures 7, form the input 

membership functions for FLN1 and FLN2. 

 

 
(a) 

(b) 

Figure 7(a). The variation from the maxTAEF (signal1), and (b) The mean values of each period of the maxTAEF subtracted from the 

maximum values of the minTAEF (signal2) 

 

 
 

Figure 8. The method is used to obtain Signal1 and Signal2 from the maxTA and minTA 

http://www.ijeer.forexjournal.co.in/
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Both FLN1 and FLN2 are MIMO SUGENO fuzzy logic 

controllers. FLN1 was built to find factor2, and FLN2 was built 

to find factor3. Figure 9, shows how the input membership 

functions for FLN1 are constructed based on these two signals. 

Factor2 is the mean value of signal1, and factor3 is the 

maximum value of signal1. The second input of FLN1 was built 

as the first input but by using signal2. The LOW, MID, and 

HIGH membership functions were selected as piecewise-linear 

(triangular with shoulder sets) because they are computationally 

light, interpretable, and sufficiently flexible for monotonic 

thresholding; their breakpoints are anchored to the data-driven 

factors (minimum/mean/maximum), which makes the 

controller self-scaled for different scenes and sub-swaths 

without requiring manual tuning. 
 

 
 

 
Figure 9. input’s membership functions of FLN1 and FLN2 

The rules were built to be suitable for many cases. So, for the 

‘no object’ location the mean should be LOW, and the variation 

also should also be LOW, but for the ‘min object’ location the 

mean should be LOW, and the variation should be HIGH. These 

rules follow the logical characteristics of HV backscatter, open 

water and noise-only areas shows a weak and relatively stable 

responses, while the minimum detectable ice introduces local 

fluctuations even when the mean intensity remains low. 

Therefore, in FLN1 the rule surface assigns MAX only when 

both Signal1 and Signal2 are LOW, and gradually reduces the 

output to MEAN/REMAIN as one of the inputs increases to 

avoid selecting textured ice as shown in table 1. In FLN2 the 

score is maximized for the (LOW, HIGH) combination to 

emphasize the minimum detectable object as shown in table 2. 

By applying these logical rules, the method would be able to 

cover many SAR image cases while keeping the inference 

monotonic and free of contradictory decisions. Sugeno 

inference system used REMAIN is zero, MEAN is 0.5 and 

MAX is 1. The rules of FLN1 and FLN2 are shown in table 1, 

and table 2 respectively. 

 

░ Table 1. The rules of FLN1 ‘no object’ 
 

Rule Signal1 Signal2 Then 

1 Low Low Max 

2 Low Mid Mean 

3 Low High Remain 

4 Mid Low Mean 

5 Mid Mid Mean  

6 Mid High Remain 

7 High Low Remain 

8 High Mid Remain 

9 High High Remain 

 

░ Table 2. The rules of FLN2 ‘min object’ 
 

Rule Signal1x Signal2 Then 

1 Low Low Remain 

2 Low Mid Mean 

3 Low High Max 

4 Mid Low Remain 

5 Mid Mid Mean  

6 Mid High Mean 

7 High Low Remain 

8 High Mid Remain 

9 High High Remain 

 

Inputs from the two training areas: 

S1=max(TAmax)-min(TAmax). Within area variation in the 

maximum training area. 

S2=mean(TAmax)-max(TAmin). Saperation between the 

“max’ and the ‘min’ training area”. 

http://www.ijeer.forexjournal.co.in/
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Where TAmax is the ‘maximum training area’, and Tamin is 

the “minimum training area” 

Physical meaning of the inputs for “no object”. 
 

In a noise-only / no-object situation, the scene is statistically 

homogeneous, meaning, 𝑆1must be LOW, because there is no 

structured target inside TAmax and thus no meaningful spread 

beyond speckle/noise. And 𝑆2 must be LOW, because TAmax 

and TAmin basically represent the same class (open- 

water/background), hence there is no separation between them. 
 

Design constraints  

Rule-base justification for FLN1 

The FLN1 is intentionally designed in a way so the output is a 

non-increasing function of both inputs, meaning, if either 

𝑆1increases (more texture/structure), or 𝑆2increases (stronger 

separation between “max” and “min” areas), the confidence of 

the “no object” must not increase. This directly yields the 3×3 

rule surface: 
 

Rule (LOW, LOW) → MAX (1): this is the only condition that 

simultaneously indicates (i) homogeneity in TAmaxand (ii) no 

separability between TAmax and TAmin. thus, it is the strongest 

evidence of “no object”. Any MID in either input → MEAN 

(0.5): MID indicates mild variability or mild separation that can 

still happen due to speckle, or small radiometric differences 

across EW sub-swaths. In these cases, FLN1 will reduce the 

confidence instead of fully reject the candidate. 
 

Any HIGH in either input → REMAIN (0): HIGH 𝑆1implies 

textured/structured scattering (ice, ridges, or mixed pixels), and 

HIGH 𝑆2implies the two areas are separable (i.e., an “object 

class” exists). In either case, selecting this location as a “no-

object” would bias the baseline and introduce error in the 

adaptive thresholding. Therefore, confidence is forced to zero 

(REMAIN). So, FLN1’s rule table is not arbitrary: it is the 

minimal monotonic mapping that (i) gives a unique strong 

acceptance for the only consistent no-object signature (LOW, 

LOW), (ii) gives cautious acceptance for borderline cases, and 

(iii) rejects all configurations that contradict the no-object 

hypothesis. 
 

Rule-base justification for FLN2 (Minimum-detectable-object 

location) 

Similar to FLN1, the design of FLN2 inputs is built with logical 

roles to assign confidence that the candidate location 

corresponds to the minimum detectable object (the weakest 

baby-ice values that is still distinguishable from open 

water/background). This location is used as the reference 

“minimum object” response for adaptive tuning. 

Physical meaning of the inputs for “minimum detectable 

object” 
 

The minimum detectable object is characterized by: 

(i) Low internal variability (weak, smooth, barely detectable 

signature), so 𝑆1should be LOW (or at most MID), because the 

object is not strongly textured or heterogeneous. (ii) High 

separability from the background/open-water training area: 

𝑆2should be HIGH, because even the weakest detectable object 

must still produce a measurable shift of TAmaxrelative to 

TAmin. 
 

Design constraints (again: controlled monotonic behavior) 

FLN2 is designed to satisfy two monotonic constraints: 

Decreasing with 𝑆1: as variation grows, the candidate is less 

likely to be “minimum detectable” (it becomes a 

stronger/complex object or mixed-ice texture). 

Increasing with 𝑆2: as separation grows, the candidate is more 

likely to be an object rather than background. 
 

This explains the key rules: 

(LOW, HIGH) → MAX (1): this is the defining signature of a 

minimum detectable object: the object is weak and smooth 

(LOW 𝑆1), yet distinguishable from background (HIGH 𝑆2). 

This is why it is the only MAX rule. 
 

(LOW, MID) and (MID, HIGH) → MEAN (0.5): these are 

near-boundary cases, (LOW, MID) is slight separability but still 

weak, could be extremely thin ice, or background affected by 

calibration/noise so confidence is moderate. (MID, HIGH) is 

strong separability but moderate internal variation, object 

exists, but may be slightly stronger than the minimum 

detectable; still acceptable but not maximal. 
 

All HIGH 𝑆1→ REMAIN (0): a high spread inside 

TAmaxindicates heterogeneous scattering (ridging, thicker ice, 

mixed classes), which contradicts the “minimum detectable” 

hypothesis. Therefore, FLN2 rejects these cases regardless of 

𝑆2. 
 

(LOW, LOW) and (MID, LOW) → REMAIN (0): when 𝑆2is 

LOW, the max and min training areas are not separable; hence 

no object evidence exists, so the minimum-detectable-object 

confidence must be zero. So FLN2’s rules are the simplest rule 

surface that peaks only at the physically consistent corner 

(LOW variation, HIGH separation) and monotonically 

decreases when the signature moves away from that condition. 

The {REMAIN=0, MEAN=0.5, MAX=1} are outputs that used 

as confidence levels rather than hard classes: 

MAX (1): strong evidence that the location satisfies the 

intended hypothesis (no-object for FLN1; minimum-object for 

FLN2). 

MEAN (0.5): borderline evidence; keeps the candidate in 

consideration while preventing it from dominating when a 

stronger match exists. 

REMAIN (0): contradictory evidence; the hypothesis should 

not be used at that location because it risks biasing the 

downstream adaptive thresholding. This “confidence” 

interpretation is consistent with the objective of selecting robust 

reference points rather than performing final segmentation at 

this stage. 
 

The peak values of FLN1 and FLN2 occur at positions 32 and 

63, respectively. Since the pre-denoised scene was averaged 

initially, these positions correspond to columns 640 and 1260 in 

the original range direction (32×20 and 63×20). Thus, the ‘no 

object’ region spans columns 620–640, and the ‘min object’ 

region spans 1240–1260. Figures 10 (a, b) show the column 

elements for these regions. 

http://www.ijeer.forexjournal.co.in/
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(a) 

 

 
(b) 

Figure 10 (a). is the entire columns elements are at “no object” location (FLC2FAC2 vector), and (b) is the entire columns elements at “min 

object” location (FLC2FAC3 vector) 

 

 
 

Figure 11. FLN3 input membership functions 

http://www.ijeer.forexjournal.co.in/
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Based on the roles and the logic discussed above, the design of 

the “no object” location correspond to an open-water or noise 

dominant reference block, the second breakpoint of the FLN3 

(Factor2) is taken from the signal2 value at the FLN2 selected 

location for “no object”(FLC2FAC2 vector), and the third 

breakpoint (Factor3) is taken from the Signal2 value at the FLN 

selected location for “minimum detectable object” (FLC2FAC3 

vector), as shown in Figure 11. In some scenes with fully ice-

covered or homogeneous think-ice, a 20x20 open water/noise 

reference may be absent and the FLN1 may not provide a valid 

“no object” location, to address this cases and remove this scene 

dependance, we introduce a fallback mechanism, where the 

FLN1 peaks confidence is insufficient (or the selected candidate 

does not satisfy the LOW-LOW homogeneity condition), the 

FLN1 is not used and instead the Factor2 is derived from the 

FLN2 reference as Factor2= 0.5.Signal2(at minimum detectable 

location), while Factor3 remains Signal2 (at minimum 

detectable location). This choice is conservative because the 

minimum detectable object response provides an upper bound 

on the noise-only level, so setting Factor2 at half of this value 

places the mid breakpoint between Factor1=0 and Factor3, thus 

preserving the ordering (0 < Factor2 < Factor3), and prevents 

over-suppression of weak baby-ice signatures while still 

allowing stable thresholding. 
 

FLN3 is a single input, single output (SISO) fuzzy logic 

controller (FLC), where the input membership functions are 

designed similarly to those of FLN1. The inference system used 

in FLN2 is also Sugeno-based, and the output values of FLN2 

are represented as [2, 1, 0], corresponding to thick ice, thin ice, 

and open water, respectively. The output matrix varies between 

these values, segmenting the image into three distinct regions. 

The rules for FLN3 are defined in Table 3. Similarly, FLN3 is 

a SISO Sugeno inference system, where the inputs consist of 

three factors: Factor1, the minimum of the averaged ESA-

provided thermal noise; Factor2, the thermal noise value at the 

"min object" location (calculated by FLN1); and Factor3, the 

maximum of the ESA-provided thermal noise. These inputs are 

processed to output values that determine the classification of 

ice regions, specifically targeting thin ice, thick ice, and open 

water. The rules governing FLN4 are the same as the rules of 

FLN3. 
 

░ Table 3. The rules of FLN3 and FLN4 
 

 

Rule If Input Then 

1 Low Remain 

2 Mid Mean 

3 High Max 

 
 

Figure 12. FLN4’s input membership functions 
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The FLN4 Is used to give adaptation for FLN3’s input 

membership functions. This is done by expanding the FLN3 

breakpoints (Factor2 and Factor3) according to the estimated 

residual thermal noise level after the pre-denoising. 

Specifically, FLN4 outputs an adaptation coefficient ∝  in the 

range [0.7, 1.3] (i.e., ±30% around 1), and FLN3’s membership 

function breakpoints are updated as Factor2= ∝.Factor2. and 

Factor3= ∝.Factor3, while Factor1 remains fixed at 0. Hence, ∝ 

> 1 expands the membership functions to compensate for the 

under-denoising (higher residual noise), whereas ∝ <1 contracts 

them to avoid over-denoising. The output of the FLN4 is shown 

in figure 13, and the changing in the FLN3’s input membership 

functions are shown in figure 15. The ±30% range was selected 

to provide sufficient flexibility to handle sup-swath-to-sup-

swath variations in the ESA-provided thermal-noise vector and 

incidence-angle-dependent calibration, while preserving the 

ordering of the breakpoints (Factor1 < Factor2′ < Factor3′) and 

avoiding unstable rule firing. A narrow range (±10% - 20%), 

may be insufficient for challenging EW scenes where the 

residual noise floor differs noticeably across the range direction, 

whereas a wilder range tends to over-adapt and can either 

suppress weak baby-ice signature or leaves residual noise. A 

range of adaptation values were tested to observe their effect on 

the thin ice regions, as shown in figure 14. 
 

 
Figure 13. The adaptation from FLN4 (-30% ~ +30%) 

 

 
(a) 

 

 
(b)  

 
(c) 

 

 

 
(d) 

Figure 14. (a) FLN3 without adaptation factor for the input, (b) with 

adaptation 1.3 to 0.7, (c) with adaptation 1.3 to 0.5, and (d) with 

adaptation 1.3 to 0.3 
 

 
Figure 15. The adaptation from FLN4 on FLN3’s membership 

functions 
 

Since FLN3 was designed to normalize the thermal noise at the 

"min object" location to a value of 1, the maximum thermal 

noise value reaches 1.3, and the minimum thermal noise value 

reaches 0.7 
 

To implement our method, challenging scenes, which include 

open water, thin ice, and thick ice regions, as shown in figure 

16. Figure 17 shows the pre-denoised scene after subtracting 

the ESA noise vectors using the same method as before. FLN3 

was then employed to adapt the input membership functions of 

FLN2. In these scenes.
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Figure 16. The noisy scenes 
 

                        
 

Figure 17. The pre denoised scene after subtracting the ESA noise vectors 

 

The next step is power factor calculation; however, this 

calculation will be based on the thin ice regions, so FLN5 will 

be employed. FLN5 is used to identify homogeneous areas 

between the subswaths, which will then be used for power 

factor correction. First, homogeneous areas should have a value 

of 1 (indicating thin ice regions) and exhibit minimal variation. 

Features will be extracted from the edges of the subswaths. The 

average pre-denoised scene (divided into 20 segments in the 

azimuth and range directions) is used for feature extraction, 

with 3 points before the edge (60 columns in real size) and 7 

points after the edge for each boundary. The homogeneous area 

will be based solely on the probability (prob) matrix and 

compared with the pre-denoised scene to calculate the power 

factor. FLN5 is a MISO (multiple-input, single-output) system, 

although a SISO (single-input, single-output) version of FLN5 

can be used, making decisions based only on the variation value. 

The input membership functions for FLN5 were designed 

similarly to those of previous FLNs, as shown in figure 18. 
 

 
(a) 

 

 
(b) 

Figure 18. The input membership functions of FLN5 

The second input is constructed based on the variation between 

the first two subswaths. The variation in the probability matrix 

between these subswaths is shown in figure 19. FLN5 is then 

used to identify homogeneous areas, which have a mean value 

of 1 and minimal variation, as well as to detect all boundaries 

between the subswaths. FLN5’s rules are shown in table 4. 
 

 
 

Figure 19. The variance at the first boundary (between 1st and 2nd 

subswaths) 
 

░ Table 4. The Rules of FLN5 
 

Rule Signal1 Signal2 Then 

1 Low Low Mean 

2 Low Mid Remain 

3 Low High Remain 

4 Mid Low Max 

5 Mid Mid Mean  

6 Mid High Remain 

7 High Low Remain 

8 High Mid Remain 

9 High High Remain 
 

The variance and mean were calculated starting 3 points before 

the edge and 7 points after the edge on the average pre-denoised 

scene. Each point represents 20 pixels in the original-size scene. 

The maximum points for each of these vectors represent the 

locations (referred to as "homolocs") that will be used for the 

power factor calculation. For Scene 1, the homolocs were found 

to be [199, 19, 23, 434]. At these "homolocs," the average of the 

first three points (which are located before the edge) and the 
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average of the remaining seven points (located after the edge) 

will be calculated. Both the output from FLC2 and the average 

pre-denoised scene will be used in this calculation, as described 

in equation (9) and (10). 
 

𝑝𝑜𝑤𝑒𝑟1 =
1

3
∑ 𝜌𝑖

3
1 , 𝑖 = 1,2,3       (9) 

 

𝑝𝑜𝑤𝑒𝑟2 =
1

7
∑ 𝜌𝑖

10
3 , 𝑖 = 3,4, . .10                    (10) 

 

Where 𝜌𝑖 is the pixel of FLN3 output matrix at the homolocs 

locations,  𝑝𝑜𝑤𝑒𝑟1 is the average of the 3 pixels before the 

edges, and 𝑝𝑜𝑤𝑒𝑟2 is the average of the 7 pixels after the edges. 

The power1 and power2 will be calculated for both the FLN3’s 

output (prob mat), and the averaged pre denoised as it was 

mentioned. The 3 points before and 7 points after the first edge 

from the ‘probmat’ are shown in figure 20. The expected values 

of the thin ice as FLC4 were designed to be around 1, otherwise 

correction factor should be calculated.      
 

 
(a) 

 
(b) 

Figure 20. (a) and (b) the 3 pixels values before and after the 1st edge 

from the ‘probmat’ at the ‘homoloc’, respectively 
 

Power1=[ 1.0110 0.3067 1.0649 1.3678].  
 

As it is clear that the second sub swath is lower than the others, 

therefore, the power2 factor must be calculated to ensure that it 

needs to be leveled up, so thin ice regions could be detectable.  
 

Power2 was calculated to be as follows: 
 

[0.9952 0.4400 0.9435 1.4196]. The final power factor to 

enhance the thin ice regions was calculated as in equation (11). 
 

𝐹𝑖𝑛𝑎𝑙 𝑝𝑜𝑤𝑒𝑟 𝑓𝑎𝑐𝑡𝑜𝑟(𝑖) = (
1

𝑝𝑜𝑤𝑒𝑟𝑓𝑎𝑐𝑡𝑜𝑟1𝑖
+

1

𝑝𝑜𝑤𝑒𝑟𝑓𝑎𝑐𝑡𝑜𝑟2𝑖
) 1

2⁄    (11) 

 

Where (i) is the subswath. The final power factor was calculated 

for scene1 [0.9970 2.7666 0.9995 0.7178 1.0000], each value 

represents the power factor for a subswath in order. The pre 

prob matrix was calculated by using FLN3 output to be 

multiplied by the pre denoised scene [see figure (21)]. 

 

 
 

Figure 21. the pre prob matrix (normal prob matrix) 

 

By multiplying the pre prob matrix with the final power factor 

matrix, the result in figure (22) can be obtained. 

 

 
 

Figure 22. The pre prob matrix after multiplied by final power matrix 

(final prob matrix) 
 

To compare the result to analyze the effectiveness of using the 

final power matrix, which was shown in figure (22), normal prob 

matrix and final prob matrix were multiplied by the pre-denoised 

scene [See figures (23)-(24)]. 
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Figure 23. The final product of the proposed method 
 

        
 

Figure 24. The final products by using the method which was presented in [5] 

 

To make the method independent of Signal1, and thereby applicable to various sea ice scenarios, an additional step is required, as 

illustrated in figure 25. 

 

 
 

Figure 25. The iterative system, where the pre final product is replaced with the pre denoised scene
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The primary objective of the feedback mechanism is to make 

the system independent of Signal1, which was initially used to 

build FLN1, and to stabilize the refinement across different EW 

scenes and sub-swaths. This is achieved by progressively 

reducing the mean level of Signal2 computed on the maximum 

training area (maxTA), bringing it closer to a physically 

meaningful reference derived from the minimum detectable 

object identified by FLN2. 
 

Let Wi denote the block (or window) location of the minimum 

detectable object (from FLN2). and let the reference be as 

described in equation (12). 
 

𝑟2 = Signal2(Wi)           (12) 
 

At iteration 𝑡, the mean of Signal2 over the maximum training 

area is 
 

𝜇2
(𝑡)

=
1

∣number of (maxTA)∣
∑ Signal2

(𝑡)

𝑥∈maxTA

(𝑥)  (13) 

 

Driving 𝜇2
(𝑡)

toward 𝑟2 has the following interpretation: when the 

mean of Signal2 converges toward the “minimum detectable 

object” level, it indicates that the scene has been sufficiently 

suppressed such that only open water and the weakest ice 

responses remain, and further refinement yields diminishing 

changes. 
 

Error function  

To formalize this behavior, we define the mean-alignment error: 
 

𝑒(𝑡) = 𝜇2
(𝑡)

− 𝑟2      ,      𝐸(𝑡) =
∣𝑒(𝑡)∣

∣𝑟2∣+𝜀
,        (14)  

 

where 𝜀 is a small constant (e.g., 10−6) to avoid division by 

zero. 𝐸(𝑡) is a normalized, scene-robust scalar that directly 

measures how close the current maxTA Signal2 level is to the 

reference level. 
 

Stopping criterion (convergence) 

The iterative refinement is terminated using a clear 

convergence/stability criterion rather than a fixed iteration 

count: 

𝐸(𝑡) ≤ 𝜏𝐸 OR ∣ 𝐸(𝑡) − 𝐸(𝑡−1) ∣
≤ 𝜏Δ for 𝐿 consecutive iterations, 

with an additional maximum iteration number of 𝐾max. The first 

condition stops when the mean is sufficiently close to the 

reference, while the second stops when improvements become 

negligible (plateau behavior). This makes the number of 

iterations a data-dependent and automatically determined by 

convergence. 
 

Convergence behavior and stability (discussion) 

The feedback update replaces the next iteration input with the 

current refined output using a mask-based suppression step: 
 

𝐼(𝑡+1) = 𝐼(𝑡) ⊙ 𝑀(𝑡), 0 ≤ 𝑀(𝑡) ≤ 2,   (15) 
 

where 𝐼(𝑡)is the pre-denoised scene at iteration 𝑡, 𝑀(𝑡)is the 

FLN3-derived feedback mask after mapping the thick-ice class 

to zero, and ⊙ denotes element-wise multiplication. Because 

𝑀(𝑡) ∈ [0,2].In addition, the implementation uses a decreasing 

gain 𝑤(𝑡)(damping) to reduce update aggressiveness over 

iterations, which mitigates oscillations and promotes stable 

convergence. Consequently, 𝐸(𝑡)decreases rapidly in the early 

iterations and then saturates, and further iterations provide 

negligible change, this behavior is explicitly captured by the 

stopping rule.  
 

Algorithm: Iterative feedback refinement 

1. Run the first pass to obtain maxTAand the minimum 

detectable object block location Wi (FLN2). 

2. Set 𝑟2 = Signal2(Wi), 

3. For 𝑡 = 1to: 𝐸(𝑡) ≤ 𝜏𝐸 OR ∣ 𝐸(𝑡) − 𝐸(𝑡−1) ∣≤ 𝜏Δ 

o Recompute Signal2
(𝑡)

from current 𝐼(𝑡). 

o Compute 𝜇2
(𝑡)

, 𝐸(𝑡) =
∣𝜇2

(𝑡)
−𝑟2∣

∣𝑟2∣+𝜀
. 

o If 𝐸(𝑡) ≤ 𝜏𝐸: stop. 

o If ∣ 𝐸(𝑡) − 𝐸(𝑡−1) ∣≤ 𝜏Δ: stableCount++ else 

stableCount=0. 

o If stableCount ≥ 𝐿: stop. 

o Apply FLN3 (with the iteration’s MF scaling) → 

mask 𝑀(𝑡). 

o Map thick-ice label to 0 for feedback, update 

𝐼(𝑡+1) = 𝐼(𝑡) ⊙ 𝑀(𝑡). 

4. Output final product 𝐼(𝑡). 

 

   
 

Figure 26. Red line represents Signal2 which was shown in figure 7(b) before the iterations, and the blue line represents the same feature after 

the iterations 
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As shown in figure 16, the noisy scenes do not provide any clear information about thin ice regions, even after subtracting the noise 

matrices provided in the notated files the thin ice regions remain undetectable as it is clearly shown in figure 16. In this research, 

the proposed iterative system was applied to obtain the pre-final product, revealing the baby ice regions, as indicated in figure 27. 
 

   
 

Figure 27. The final product using the iterative system 
  

At the end of each iteration, values reaching 2 are set to zero, forming a zero matrix. These zero matrices are then multiplied together 

to generate figure 28, representing the thick ice regions (black areas). 

 

      
 

Figure 28. The values that reached zero after the iterations, representing thick ice 

 

░ 4. EXPERIMENTS 
The experimental section evaluates the proposed multi-stage 

adaptive fuzzy-network framework on Sentinel-1 EW HV sea-

ice scenes containing open water, baby-ice, and thicker ice 

regions. the entire experiments follow a consistent processing 

pipeline and parameter setting across scenes, including the same 

block/window size, the FLN1–FLN5 rule bases, and the 

iterative feedback refinement with the defined stopping 

criterion. Performance is reported using quantitative noise-

suppression and stability measures computed on homogeneous 

regions of interest, together with qualitative visual comparisons 

that focus on preserving ice–water boundaries and enhancing 

the visibility of weak baby-ice signatures. 
 

The Test Data that were used in this research are provided in 

table 5.  
 

░ Table 5. Test Data 
 

Scene ID Sensor Beam 

Mode 

Acquisition_DateTime 

Scene 1 Sentinel 1A EW 20180902T165032 

Scene 2 Sentinel 1A EW 20220323T211643 

Scene 3 Sentinel 1A EW 20220402T101947 

 

4.1. Quantitative Metrics 
Because ENL and speckle statistics are meaningful only in 

homogeneous regions, we computed quantitative metrics on 

carefully selected regions of interest (ROIs). For each scene, we 

selected K ROIs (rectangular patches) representing 

homogeneous areas like open water, ROI coordinates were 

defined on the original HV image and reused unchanged for all 

methods (original, baselines, proposed). This ensures that any 

improvement is attributable to denoising rather than ROI 

selection bias. Figure 6 illustrates ROI locations on the full 

scene and corresponding zoom-in patches before and after 

processing. 
 

Figure 6 Full-scene HV image with ROI locations (rectangles), 

and zoom-in patches for the same ROIs before and after 

denoising. 
 

We report three objective metrics that do not require external 

ground truth. Let 𝐼denote the linear intensity values within an 

ROI, with mean 𝜇, standard deviation 𝜎, and variance 𝜎2. 

 

░ 5. RESULTS 
Tables (6)-(8) report MEAN, STD, and SNR for multiple 

scenes, and figures (29)-(31) show the selected ROIs and the 

SNR location for each scene. The proposed method consistently 

improves homogeneity in HV imagery, reflected by increased 

SNR, reduced MEAN, and STD relative to both the ESA 

provided noise vectors data and method represented in [5]. 
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(a) 

 
(b) 

Figure 29. (a) The red boxes are the used ROIs locations for Mean and STD calculations, and green box is the ROI location used for SNR 

calculation. (b) Is the zoomed in SNR patch 
 

░ Table 6. Scene1 Metrics calculated for the most homogeneous open-water area and SNR 
 

 

Method  Size Mean  Std  SNR 

Method [5] 

 

Rows=4700~5200 Columns =5400~6100 3.9827e-04 1.2624e-16 

0.0112862 Rows=2000~2500 Columns=4200~5100 5.8540e-04 2.5803e-15 

Rows=1500~2050 Columns=1200~3000 0.0010 1.2325e-14 

ESA (annotated 

files) 

Rows=4700~5200 Columns =5400~6100 3.6169e-04 1.8900e-16 

0.0211939 Rows=2000~2500 Columns=4200~5100 6.3712e-04 1.7934e-16 

Rows=1500~2050 Columns=1200~3000 0.00139 1.9325e-14 

DnCNN 

Rows=4700~5200 Columns =5400~6100 3.9871e-04 1.2438e-16 

0.0210911 Rows=2000~2500 Columns=4200~5100 5.8613e-04 2.4498e-15 

Rows=1500~2050 Columns=1200~3000 1.7310e-04 1.1393e-14 

Our Method 

 

Rows=4700~5200 Columns =5400~6100 6.3752e-05 5.1962e-19 

0.0228437 Rows=2000~2500 Columns=4200~5100 1.3610e-04 4.0646e-17 

Rows=1500~2050 Columns=1200~3000 1.6526e-04 4.7806e-16 

 

                        
                                              (a)                                                                                                                 (b)  

Figure 30. (a) The red boxes are the used ROIs locations for Mean and STD calculations, and green box is the ROI location used for SNR 

calculation. (b) Is the zoomed in SNR patch 
 

░ Table 7. Scene2 Metrics calculated for the most homogeneous open-water area and SNR 
 

 

Method  Size Mean  Std  SNR 

Method [5] 

 

Rows=9000~9500 Columns=8800~9500 5.5383e-04 3.0102e-15 

0.0100138 Rows=9200~9700 Columns=3200~4100 0.0017 5.2831e-15 

Rows=7500~8050 Columns=8900~10200 6.1928e-04 1.1037e-15 

ESA (annotated 

files) 

Rows=9000~9500 Columns=8800~9500 6.8283e-04 4.2624e-15 

0.0147107 Rows=9200~9700 Columns=3200~4100 0.00189 4.2660e-14 

Rows=7500~8050 Columns=8900~10200 3.5753e-04 1.1037e-15 

 

DnCNN 

Rows=9000~9500 Columns=8800~9500  0.0013 8.2666e-15 

0.00116849 Rows=9200~9700 Columns=3200~4100  0.0023 5.1925e-15 

Rows=7500~8050 Columns=8900~10200  0.0013 1.0573e-15 

Our Method 

 

Rows=9000~9500 Columns=8800~9500 1.5908e-04 3.6755e-17 

0.0177165 Rows=9200~9700 Columns=3200~4100 4.7921e-04 3.9792e-16 

Rows=7500~8050 Columns=8900~10200 1.9497e-04 9.4114e-17 
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                         (a)                                                                                                      (b) 

Figure 31. (a) The red boxes are the used ROIs locations for Mean and STD calculations, and green box is the ROI location used for 

SNR calculation. (b) Is the zoomed in SNR patch 
 

░ Table 8. Scene3 Metrics calculated for the most homogeneous open-water area and SNR 
 

 

Method  Size Mean  Std  SNR 

Method [5] 

 

Rows=7700~8200 Columns=3600~4300 2.8370e-04 1.9269e-16 0.00578349 

Rows=6800~7300 Columns=3100~4000 3.4935e-04 8.6728e-17 

Rows=4500~5050 Columns=3300~4500 3.6182e-04 7.0033e-17 

ESA (annotated 

files) 

Rows=7700~8200 Columns=3600~4300 9.1619e-05 7.6811e-17 0.00675223 

Rows=6800~7300 Columns=3100~4000 1.1084e-04 1.2214e-16 

Rows=4500~5050 Columns=3300~4500 1.2694e-04 1.2756e-16 

 

DnCNN 

 

Rows=7700~8200 Columns=3600~4300 8.8417e-05 7.2669e-17 0.00615609 

Rows=6800~7300 Columns=3100~4000 1.1069e-04 1.1664e-16 

Rows=4500~5050 Columns=3300~4500 1.2852e-04 1.2198e-16 

Our Method 

 

Rows=7700~8200 Columns=3600~4300 1.7568e-05 1.3311e-17 0.0107652 

Rows=6800~7300 Columns=3100~4000 3.1456e-05 3.3669e-17 

Rows=4500~5050 Columns=3300~4500 4.1128e-05 1.1205e-17 

░ 6. DISCUSSION 
In this paper, a new adaptive thresholding and thin ice detection 

method for sea ice SAR images was developed using a self-built 

fuzzy logic controller network. The proposed method 

effectively reduces thermal noise and the scalloping effect in 

HV-polarized extra-wide (EW) SAR images, particularly when 

identifying the locations of "thick ice," "thin ice," and "open 

water." To evaluate its performance, several experiments were 

conducted using Sentinel-1 SAR images, focusing on noise 

reduction, feature extraction, and overall denoising 

effectiveness. The method's performance was assessed by 

comparing the denoised images with the ESA provided 

denoised images. The results demonstrated a significant 

improvement in image quality, with a notable reduction in noise 

levels. This improvement facilitated better identification of sea 

ice regions, including previously unobservable "baby ice" areas, 

which are essential for accurate sea ice monitoring. 

 

░ 7. CONCLUSIONS 
This study presented an adaptive denoising and thresholding 

framework to mitigate thermal noise and the scalloping effect 

in HV-polarized Sentinel-1 EW sea-ice SAR imagery. By 

leveraging a multi-stage fuzzy logic controller network, the 

approach estimates scene-specific noise behavior through data-

driven selection of “no object” and “minimum object” locations 

and applies a correction factor to refine noise suppression 

without external tuning. Across multiple scenes, ROI-based 

open-water statistics (mean and standard deviation) and an SNR 

measure demonstrate improved homogeneity relative to the 

ESA/SNAP noise-vector correction workflow and the recent 

EW sea-ice method in [5], while also providing competitive 

behavior when compared with the DnCNN baseline under the 

same ROI protocol. Visual inspection further confirms that 

weak baby-ice structures become more discernible without 

blurring ice–water boundaries. The method is designed for sea-

ice scenes where open water, thin ice, and thick ice may coexist; 

when a clear open-water reference is absent, a conservative 

fallback based on the minimum detectable object is used to 

construct the required reference for the subsequent stage, 

enabling operation in heavily ice-covered scenes, although 

performance may degrade in fully homogeneous thick-ice 

conditions. Finally, while DnCNN offers a representative CNN-

denoising reference, building and evaluating a fully supervised 

deep-learning model specifically for EW HV sea-ice remains 

challenging due to the scarcity of paired clean targets and large-

scale, reliable thin-ice annotations. Future work will focus on 

establishing representative benchmarks and exploring self-

/weakly-supervised strategies tailored to EW sea-ice noise 

characteristics. 
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